The neural mechanisms that support naturalistic learning via effective pedagogical 23 approaches remain elusive. Here we use functional near-infrared spectroscopy to 24 measure brain activity from instructor-learner dyads simultaneously during dynamic 25 conceptual learning. We report that brain-to-brain coupling is correlated with learning 26 outcomes, and, crucially, appears to be driven by specific scaffolding behaviors on the 27 part of the instructors (e.g., asking guiding questions or providing hints). 28 Brain-to-brain coupling enhancement is absent when instructors use an explanation 29 approach (e.g., providing definitions or clarifications). Finally, we find that 30 machine-learning techniques are more successful when decoding instructional 31 approaches (scaffolding vs. explanation) from brain-to-brain coupling data than when 32 using a single-brain method. These findings suggest that brain-to-brain coupling as a 33 pedagogically relevant measure tracks the naturalistic instructional process during 34 instructor-learner interaction throughout constructive engagement, but not information 35 clarification.
Experimental factors
We manipulated one within-participant variable and one between-participant variable. 155 The within-participant variable was the Instructional Strategy (scaffolding vs. 156 explanation). Following the scripts, the instructor using a scaffolding strategy would 157 guide the learner in a Q&A manner along the following lines (one representative The task included two blocks, each split into a resting-state phase and an interactive 191 learning phase (Fig. 1A) . The inter-block interval was approximately 1 minute. 192 During the initial resting-state phase (3 min), both participants (sitting face-to-face, 193 0.8 meters apart) were asked to relax and to remain still. This 3-min resting phase 194 served as the baseline. 195 The resting-state phase was immediately followed by the interactive-learning Experimental procedure. Before and after scanning, learners' knowledge of the psychological concepts 216 was evaluated. Brain activity from the instructor and the learner were acquired simultaneously using 217 fNIRS, in two blocks, each starting with a 3-min rest (resting-state phase/baseline), followed by the 218 instructor teaching concepts to the learner (interactive-learning phase/task). (B) Instructional 219
Personalization and Instructional Strategies. Participants were randomly allocated to either 220 personalized or non-personalized groups (Instructional Personalization). Within each instructor-learner 221 dyad, scaffolding and explanation strategies were compared. (C) Optode probe set. The set was placed 222 over prefrontal and left temporoparietal regions. (D) Overview of the brain-to-brain coupling analysis. 223
Channel-wise raw time courses were extracted from both the instructor and the learner. After a battery 224 1 0 of preprocessing, brain-to-brain coupling was estimated by Wavelet Transform Coherence between the 225 two clean time courses. i, j, fNIRS signals of two participants of a dyad; t, time. 226
Learning tests and outcome analysis 227
Learners' knowledge of psychological concepts was tested immediately before the 228 onset of the resting-state phase and after the end of the interactive-learning phase.
229
Relevant to Reinforcement and Transfer, 8 definitions, 16 true-false items and 4 short 230 answer questions were selected from textbooks to compose a testing bank. These 231 items were randomly split into two halves, one for the pre-test and the other for the 232 post-test. Results from 9 participants who were not involved in the fNIRS study 233 showed that the difficulty levels did not differ between the pre-and post-tests (t (8) = 234 0.01, p = 0.99). The learners had a time limitation of 20 min to finish each of the tests 235 . 236 The performance of learners in the pre-and post-tests was scored by two separate 237 other raters who were blind to the group assignment. Three question types (i.e., Data collected during the resting-state phase (3 min, served as the baseline) and the 278 interactive-learning phase (8 min, served as the task) in each block were entered into 279 the brain-to-brain coupling analysis ( Fig. 1D) . A principal component spatial filter 
284
We then employed a wavelet transform coherence (WTC) analysis to estimate 285 brain-to-brain coupling. The WTC of signals i(t) and j(t) was defined by:
where t denotes the time, s indicates the wavelet scale,
‫ۃ‬ ‫ۄ‬
represents a smoothing 288 operation in time and scale, and W is the continuous wavelet transform (see Grinsted 289 et al., 2004 for details). Our brain-to-brain coupling analysis was conducted in a 290 data-driven manner and entailed three sub-steps:
291
Step 1: Does interactive learning lead to enhanced brain-to-brain coupling 292 compared to baseline? 293 As a first step, we estimated whether brain-to-brain coupling was enhanced 294 during the interactive learning task (estimated by WTC) compared to baseline.
295
Time-averaged brain-to-brain coupling (also averaged across channels in each dyad) 296 was compared between the resting phase (i.e. baseline session) and the interactive To verify if the enhanced brain-to-brain coupling was dyad-specific, data from all 303 48 participants were reshuffled in a pseudo-random way so that 24 new dyads were 304 created (e.g., time series from instructor #1 were paired with those from learner #3) 305 ( Fig. 3E) . Then, the above brain-to-brain coupling analysis was performed again to 306 obtain brain-to-brain coupling for pseudo-pairs.
307
Step 2: Does task-related brain-to-brain coupling enhancement differ across the 308 experimental conditions? 1 3 We averaged brain-to-brain coupling within each identified FOI and compared all 310 conditions. We computed an index of task-related brain-to-brain coupling by 311 subtracting the averaged coupling during the resting phase from that during the 312 interactive learning phase. Fisher z transformation was applied to the task-related 
320
Step 3: Is condition-specific brain-to-brain coupling predictive of learning? 321 Finally, we assessed behavior-brain relationships. Pearson correlational analyses 322 were employed to test the relationship between task-related brain-to-brain coupling 323 from significant channels and learning outcomes. Following the brain-to-brain coupling analyses, we grouped and averaged the adjacent 326 CHs that showed significant brain-to-brain coupling as channels of interest. The time 327 course of brain-to-brain coupling in the channels of interest was down-sampled to 1
328
Hz to obtain point-to-frame correspondence between the time series and video 329 recordings (Figs. 5A&B). 330 Two graduate students were recruited to independently code instructional 331 behaviors in the interactive-learning phase using the video-recording data. the two coders discussed it and came to an agreement.
353
Based on the results of the coding procedures mentioned above, we categorized 354 the segments of brain-to-brain coupling associated with different video-coded 355 instructional behaviors (Figs. 5A&B). We subtracted brain-to-brain coupling during 356 the rest session (baseline) from these segments of brain-to-brain coupling to obtain the 357 task-related coupling. Contrasts between task-related brain-to-brain coupling Finally, we explored whether brain-to-brain coupling allowed us to predict if an 362 instructor employed the scaffolding or explanation strategy, using a decoding analysis Classification features and labels. The time-averaged brain-to-brain coupling 366 values at channels of interest were used as classification features. We first averaged 367 the brain-to-brain coupling across the whole time series, resulting in time-averaged 368 coupling for each channel. We focused on the channel(s) that exhibited significant 
384
A permutation test was used to determine whether the obtained AUC was 385 significantly larger than that generated by chance. Chance level of the AUC was 386 determined by randomly shuffling the labels (scaffolding or explanation) for the 387 brain-to-brain coupling values. Significant levels (p < 0.05) were calculated by 388 comparing the correct AUC from the real labels with 10000 renditions of randomized 389 labels.
390
Additional analyses. Finally, we tested whether decoding based on brain-to-brain 391 coupling generated a better classification of instructional behavior than decoding 392 based on individual brain activation. The raw fNIRS data were first preprocessed 393 following the same procedure described in Analysis Step A. Clean (task-related) 394 signals were then converted into z-scores using the mean and the standard deviation of 1 6
the signals recorded during rest (baseline). Normalized intra-brain activity values at 396 channels of interest in both instructors and learners were extracted as classification 397 features. The parallel decoding analyses were then repeated as described above. with the scaffolding strategy showing better learning outcomes than the explanation 405 strategy (Fig. 2) . There was no effect of Instructional Personalization on learning (F (1, 406 24) = 0.82, p = 0.38) and there was no interaction between Instructional 407 Personalization and Instructional Strategy (F (1, 24) = 0.07, p = 0.79). In sum, learners 408 who were taught using scaffolding retained more content from the instruction than 409 learners who were taught using an explanation-based instructional strategy. In a first-pass data-driven analysis, we calculated brain-to-brain coupling in all 421 conditions across the whole sample of 24 participant dyads to test whether interactive 422 learning (i.e., task) was associated with enhanced brain-to-brain coupling compared to 423 the resting-state session (i.e., baseline).
424
In terms of frequency characteristics, brain-to-brain coupling was significantly 425 higher during the interactive learning phase than during rest for frequencies ranging 
431
Regarding spatial characteristics, task-related coupling enhancement was highest 432 in the orbitofrontal cortex, frontopolar cortex, and inferior frontal cortex at 0.45 -0.57 433 Hz (Fig. 3C) , and along superior temporal cortex, temporoparietal junction, and 434 superior parietal lobule at 0.17 -0.27 Hz (Fig. 3D) . We also observed widespread 435 brain-to-brain coupling in adjacent regions, including prefrontal, temporal, and 436 parietal areas. These results replicate previous research showing that social interactive 437 learning (through instruction) induces brain-to-brain coupling in high-order brain 
439
A control analysis confirmed that the patterns of brain-to-brain coupling (higher 440 coupling associated with interactive learning compared to rest) were specific to the 441 interaction between real instructor-learner dyads: pseudo dyads did not show higher 1 8
brain-to-brain coupling during learning than rest (ps > 0.05, FDR controlled, Fig. 3E) . 443 Together, our first-pass results suggest that social interactive learning induces 444 widespread brain-to-brain coupling. This coupling is concentrated in specific 445 frequencies and only emerges in 'real' dyads (who are actually interacting). An FDR-corrected P-value map resulting from comparisons between instruction and rest (for each 453 channel) across frequencies between 0.01 and 1 Hz. Interactive learning evokes frequency-specific 454 widespread brain-to-brain coupling in all conditions across all dyads at 0.45 -0.57 Hz (C) and 0.17 -455 0.27 Hz (D). (E) Control analyses confirmed that the enhanced brain-to-brain coupling shown in (C) 456 and (D) was dyad-specific: no significant task-related coupling was detected in pseudo-dyads in either 457 frequency band of interest (all real dyads were shuffled, resulting in 24 new pseudo dyads). 458 Having established that social interactive learning is associated with a significant 461 increase in brain-to-brain coupling between instructor and learner, we next sought to scaffolding strategy exhibited higher brain-to-brain coupling than the explanation 467 strategy in all significant CHs (Fig. 4A) . There were no effects of Instructional 
Instruction modulates brain-to-brain coupling within instructor-learner

479
Average brain-to-brain coupling in prefrontal regions was positively correlated 480 with learning outcomes in the scaffolding condition (r = 0.65, p = 0.001; Fig. 4A , 481 right panel) but not in the explanation condition (r = -0.24, p = 0.27), indicating that 482 better learning was associated with stronger brain-to-brain coupling in the scaffolding 483 condition alone. Mirroring the ANOVA results reported above, we saw that 484 brain-to-brain coupling in superior temporal cortex only predicted learning outcomes 485 in the personalized scaffolding condition (r = 0.66, p = 0.02; all other conditions: rs < 486 -0.18, ps > 0.27; Fig. 4B, right) . F-test maps of brain-to-brain coupling generated based on frequency-specific ANOVAs with 491
Instructional Strategy and Instructional Personalization as independent variables. (A) The scaffolding 492 condition showed higher brain-to-brain coupling in prefrontal regions than the explanation condition. 493 Such brain-to-brain coupling predicted learning outcomes in the scaffolding condition, but not in the 494 explanation condition (right panel). (B) The scaffolding condition also led to significantly larger 495 brain-to-brain coupling in superior temporal cortex than the explanation condition, but only in the 496 personalized instruction dyads. Brain-to-brain coupling predicted learning outcomes in the personalized 497 
Linking instructional behaviors with brain-to-brain coupling 500
To investigate how instructional behaviors contributed to brain-to-brain coupling, we 501 conducted a video coding analysis for each participant dyad. Two raters independently 502 coded videos for scaffolding behaviors vs. non-scaffolding instructional behaviors (or 503 explanatory behaviors vs. non-explanatory instructional behaviors). For analysis, time 504 courses of brain-to-brain coupling during the task session were first matched with 505 video-coded instructional behaviors ( Figs. 5A-C) . Brain-to-brain coupling was then 506 extracted for segments of each type of instructional behavior and averaged for each 507 condition. Task-related coupling was then obtained by subtracting time-averaged 508 brain-to-brain coupling during the rest session from the averaged coupling segments 509 during the task session (Figs. 5D&E) . 510 First, we examined whether task-related brain-to-brain coupling in prefrontal 511 cortex detected in the scaffolding condition could be explained by scaffolding 512 behaviors. Indeed, scaffolding behaviors induced significantly higher brain-to-brain 513 coupling compared to the non-scaffolding instructional behaviors (t (23) = 2.72, p = 514 0.01, Cohen's d = 0.78; Fig. 5D, upper panel) . Crucially, we also compared. However, 515 no significant differences in brain-to-brain coupling were seen between explanatory 516 behaviors and non-explanatory instructional behaviors in the explanation condition 517 (t (23) = 1.58, p = 0.13; Fig. 5D , lower panel).
518
Second, we compared brain-to-brain coupling for scaffolding vs. non-scaffolding 519 instructional behaviors to test whether scaffolding behavior indeed drove the 520 task-related brain-to-brain coupling observed in superior temporal cortex for the 521 personalized scaffolding condition. As expected, scaffolding behaviors exhibited 522 larger brain-to-brain coupling than non-scaffolding instructional behaviors (t (11) = 3.19, 523 p = 0.01, Cohen's d = 1.18; Fig. 5E, upper panel) . In contrast, just like in prefrontal 524 cortex, brain-to-brain coupling did not differ between explanatory behaviors and 525 non-explanatory behaviors in the personalized explanation condition (t (11) = 0.91, p = 526 0.38 (Fig. 5E, lower panel) . Moreover, there was no significant difference between 527 instructional behaviors in either non-personalized scaffolding (Fig. 5F, upper turn-taking event could be that the instructor asks one question, followed by the 542 answer from the learner). Results showed that the scaffolding strategy involved 543 marginally more turn-takings than the explanation strategy (16.67 ± 6.54 vs. 12.08 ± 544 3.15; t (23) = 2.11, p = 0.06). No significant correlation between the number of 545 turn-takings and brain-to-brain coupling was detected (rs < 0.42, ps > 0.18).
546
In sum, brain-to-brain coupling could be explained by dynamic scaffolding 547 behavior implemented in the instructor-learner interaction. Our complementary 548 analyses ruled out frequency of instructional behaviors or turn-taking behavior as 549 possible contributors to the observed brain-to-brain coupling effects. behaviors (definition and clarification). Box plots of task-related brain-to-brain coupling (task minus 558 rest) across the instructional behaviors in the scaffolding and explanation conditions (D), in the 559 2 4 personalized scaffolding and personalized explanation conditions (E), and in the non-personalized 560 scaffolding and non-personalized explanation conditions (F). Crosses indicate the average 561 brain-to-brain coupling across participant dyads. Error bars range from the min to the max value 562 observed. *p < 0.05. 563 3.2.4. Decoding instructional strategy from brain-to-brain coupling 564 Finally, we tested the extent to which one can identify the Instructional Strategy 565 employed by an instructor (i.e., scaffolding or explanation) based on task-related 566 brain-to-brain coupling alone. Brain-to-brain coupling was extracted from all channel 567 combinations that showed significantly higher brain-to-brain coupling for task vs. Fig. 6A ). The 571 decoding analysis based on task-related brain-to-brain coupling further showed that 572 the classifier was able to distinguish instructors who employed the scaffolding or 573 explanation strategy for the personalized condition (AUC = 0.84; p = 0.005, Fig. 6B ), 574 but not in the non-personalized condition (AUC = 0.66; p = 0.17, Fig. 6C) . 575 Importantly, when using individual brain activation from either instructors' or 576 learners' as classification features, classification performance to discriminate between 577 the scaffolding and explanation strategies was low (AUCs < 0.66, ps > 0.05). The 578 decoding analysis based on the individual brain activation was also insufficient to 579 distinguish the scaffolding and explanation strategies for both personalized (AUCs < 580 0.57, ps > 0.35) and non-personalized conditions (AUCs < 0.56, ps > 0.20).
581
Taken together, these results indicate that brain-to-brain coupling, as a novel yet 582 promising neural-classification feature (Jiang et al., 2015) , was suitable for decoding 583 instructional strategy with a reasonable classification performance, particularly when 584 the instruction was tailored to the learner (i.e., personalized vs. non-personalized).
585
Brain-to-brain coupling further served as a better classification feature compared to 586 individual brain activation during instructor-learner interactions. 
Discussion
595
This study investigated how verbal instruction modulates interactive learning using an 596 fNIRS-based hyperscanning approach, which allowed us to record brain activity from 597 both instructors and learners during an instruction exchange. Twenty-four 598 instructor-learner dyads performed a conceptual learning task in a naturalistic 599 instruction situation where a well-trained instructor taught a learner a set of 600 psychological concepts. We found that interactive learning induced task-related 601 brain-to-brain coupling. Brain-to-brain coupling co-varied with learners' subsequent 602 learning outcomes and was significantly higher when instructors employed 603 scaffolding tactics (e.g., asking key questions and hinting) than when they used an 604 explanation-based teaching approach. This brain-to-brain coupling associated with 605 scaffolding was especially prominent if instructors were informed of the learner's 606 knowledge level in advance. Finally, different instructional strategies could 607 successfully be decoded based on brain-to-brain coupling alone, but, crucially, not 608 based on individual brain activation. 609 Importantly, our findings were specific to the interacting instructor-learner dyads 610 2 6 (control analysis #1) and they did not reflect the mere quantity of instructional 611 behaviors (control analysis #2), nor the amount of turn-takings between instructor and 612 learner (control analysis #3). instruction-based learning, which relies on the dynamic instructional interaction 621 between instructor and learner. A "second-person approach" (also termed as 622 "hyperscanning", i.e., measuring two brains simultaneously, Redcay and Schilbach, 623 2019) provides a possible way to fill this knowledge gap.
624
The second-person approach allowed us to quantify brain-to-brain coupling 625 between the instructor and the learner, and possibly capture the continuous, 626 meaningful alignment of interpersonal neural processes. It has been proposed that 627 such neural alignment facilitates the matching of the temporal structure of inputs and 628 optimizes the learning process (Leong et al., 2017) . Our findings suggest that 629 brain-to-brain synchrony is pedagogically relevant. First, brain-to-brain coupling was 630 correlated with learning outcomes, strongly indicating its functional significance.
631
Second, brain-to-brain coupling was successfully used to decode instructional 632 approaches with a good classification performance.
633
To our knowledge, we are the first to use activity from two brains as opposed to 634 one to decode instructional strategies. We found that brain-to-brain coupling served as 635 a better neural-classification feature in contrast with individual brain activity. This
636
finding was in line with recent advances; for example, a recent study found that 637 brain-to-brain coupling yielded higher predictive power for learning outcomes 638
